Clusters of fine, granular microcalcifications in mammograms may he an early sign of disease. Individual grains are difficult to detect and segment due to size and shape variability and because the background mammogram texture is inhomogeneous. We present a two-stage method based on wavelet transforms for detecting and segmenting calcifications. The first stage consists of a full resolution wavelet transform, which is simply the conventional filter hank implementation without downsampling, so that all sub-bands remain at full size. Four octaves are computed with two inter-octave voices for finer scale resolution. By appropriate selection of the wavelet basis the detection of microcalcifications in the relevant size range can he nearly optimized in the details sub-bands. Detected pixel sites in the LH, HL, and HH sub-bands are heavily weighted before computing the inverse wavelet transform. The LL component is omitted since gross spatial variations are of little interest. Individual microcalcifications are often greatly enhanced in the output image, to the point where straightforward thresholding can he applied to segment them. FROC curves are computed from tests using a well-known database of digitized mammograms. A true positive fraction of 85% is achieved at 0.5 false positives per image.
INTRODUCTION
A frequent early sign of breast cancer is the appearance of clusters of fine, granular niicrocalcifications (pCa++s) whose individual grains typically range in size from 0.05-lmm in diameter. Individual pCa++s are difficult to detect because of variations in their shape and size and because they are embedded in and camouflaged by varying densities of parenchymal tissue structures. Computer-aided diagnosis (CAD) schemes using digital image processing techniques have the goal of improving the detection performance and throughput of screening mammography. An important branch of CAD methods in rnammography eniploys wavelet transforms for feature enhancement (11- [5] . The general approach is: (1) Compute the forward wavelet transform of the image; (2) Nonlinearly transform or adaptively weight the wavelet coefficients; (3) Compute the inverse wavelet transform. Our contribution to the application of wavelets in mammography is to employ a wavelet transform which This work was supported i n part by the National Cancer Institute under grant PO1 CA-23417.
acts as a hank of multiscale matched filters for detecting pCa++s. The sub-band images created by i . four octave wavelet decomposition are thresholded and combined to yield a map of detected pixels. Segmentation of pCa++s is realized by weighting the sub-bands at these taetected sites before computing the inverse wavelet transfoi m. Depending on which sub-bands of the forward wavelet 1 ransform are included in the inverse operation, the reconstructed image may consist of detected pixels only, or detected pixels superimposed on the original mammogram. The basic wavelet transform is implemented at full resolution in each octave level, with additional "voices" inserted betwel:n octaves to provide improved scale resolution. After giving details of the method, we present a performance curve r mlting from tests on a set of 40 digital mammograms.
TEST IMAGES

Mammogram database
We test our &a++ detection algorithms on h arssemeijer's database of 40 mammograms [6] [16]. Each image wits digitized from film at a spatial resolution of 2048 ~2 0 4 8 pixels per image with 12 bits per pixel, using a sampling aperture of 50pm in diameter and a lOOpm sample slbacing. Each image contains one or more calcification clusters verified by expert radiologists and histology. The vkibility of the clusters is highly variable, which is rather typical of clinical cases. In a preprocessing step, each image w a s gray-scale transformed using a noise-equalizing look-up table. (See [6] for details.)
Cluster detection criteria
At present no universally accepted criterion jor the detection of clustered fiCa++s has been agreed ul on, although various research groups are currently attempt Ing to assemble a common database of mammograms with ground truth and a set of standardized detection metrics. 'Ne adopt the detection criteria proposed by Karssemeijer [SI; namely that for counting true positives (TPs) a cluster is considered detected if two or more pCa++s is found in the region of film identified by the radiologist. A false positive (FP) is counted if two or more erroneous detections is made within an empty, closed region of 0.5cm in width. 
Characteristics of microcalcifications
Individual pCa++s appear as small (typically 0.05-11nm), particulate objects of variable shape (from granular to rodshaped), and fairly uniform optical density. Although pCa++s vary in outline and degree of elongation, the average form is roughly circular, with a tapered cross-sectional profile. Figure 1 shows the average profile computed from a random sample of 80 pCa++s. For a given size, it is not unreasonable to model a pCa++ using a circularly-symmetric Gaussian function.
MATCHED FILTER FOR DETECTING M I C R O C A L C I F I C A T I O N S
Consider the scenario wherein a deterministic object f ( z , y ) (i.e. an idealized &a++) located at (zo,y,) is imaged in the presence of some (anatomic) background noise field n(z,y). Suppose for the moment that the noise is stationary with power spectrum S,,,,(W=,W~). Then the optimum detector for finding the known f(z, y) is the prewhitening matched filter [7] with transfer function Detection is accomplished by sampling the filter's output at the point of peak correlation; the signal is deemed present if the output exceeds a chosen threshold. In imaging applications, the location of an object to be detected is unknown, in which case any above-threshold correlation peaks are counted as positive detections.
The matched filter can never be optimum for detecting pCa++s in mammograms since: (a) pCa++s vary in size and shape, thus f(z, y) is not known precisely, and (b) the background texture n(z, y) is nonstationary, meaning that Snn(wz, wy) is indeterminate and hence true pre-whitening is unrealizable. Nevertheless a practical algorithm can be implemented with a small drop in performance [8] . As discussed above, the profile of many pCa++s is approximately Gaussian, and may be modeled as such. As for the background noise, a frequently adopted model [9] consists of a nonstationary mean plus a residual stationary component modeled as a separable Markov process, with aut xorrelation rnn(k, I) = nEplkl+lll [Ill. After subtracting t t e spatial mean from each mammogram, it is straightforwarcl to estimate a Markov model for the power spectrum Sn,,(wz,wy) of the residual process [lo] . Under these assumpt ons it is feasible to derive the matched filter in (1) for application to the residual component, :.e. after subtraction o f t le mean.
Hence if we assume that the signal to be detected is 
where
(1+p~--Ppcos w )
When p = 0 the residual component is already wmite, and the impulse response h,, (z) is a simple Gaussian. As p + 1 the increasing inter-pixel correlation of the residu d causes h , f ( z ) to develop increasingly negative side lobes on either side of the positive main lobe. The shape of the resulting pre-whitening filter resembles that of the Laplacian of Gaussian operator.
The remaining variable -the size of the pCa++ -may be accommodated by implementing a bank of such matched filters in the form of a wavelet transform. The choice of an appropriate wavelet and how it can implement niultiscale matched filters is discussed next.
W A V E L E T TRANSFORM
Basics of sub-band decomposition
The discrete wavelet transform is a sub-band dtcomposition of one dimensional signals implemented using Pn octave filter bank. The input signal f(z) is filtered by the lowpass filter k ( z ) followed by x2 downsampling to give the first low-frequency sub-band s1(z), also called the 'smooth" component. Likewise the first band-pass sub-bancl dl (z) is created by passing f ( z ) through the high-pass filter g(z), again followed by x2 downsampling. The filters h ( z ) and g The LH subband is formed by low-pass filtering the rows followed by high-pass filtering the columns, and is therefore sensitive to horizontally oriented features. In the same way the HL sub-band contains vertically oriented structure, and the HH sub-band contains primarily diagonal structure. The LL component is a low-pass filtered or ''smooth7' version of the original image, and is passed through to the next octave for further sub-band decomposition. Thus, the LL band of the frequency domain is segmented into four subbands at the second octave level, and so on. The 2D wavelet transform is inverted by filtering and combining the details images from all octaves plus the LL component from the highest octave.
Implementation in mammography
Down-sampling and upsampling are normally employed in the forward and inverse wavelet transforms, respectively. However, in our work we maintain full resolution throughout the sub-band decomposition, for two reasons. First, from the point of view of a human observer it helps to display the sub-bands at full size during algorithm development simply because features are easier to see at full resolution. Second, it is easier to comhine the detected pixels from each sub-band when they are at the samt resolution. Although the resulting transform is highly redundant from an information theoretic point of view, it is still simple to compute and the same filters are employed for i.nalysis and synthesis. The implementation of a full resolution wavelet transform in two-dimensions is shown in Fig. 2 .
A second modification overcomes the limited dyadic sampling grid of the basic wavelet transform. B r passing a Gaussian object of size U through a sub-band del:omposition and recording the peak response in each octav: we obtain the scale "bandwidth" of the first four octaves, md observe significant dips in coverage between octaves 2 and 3, and between octaves 3 and 4. As proposed by Rioul [I31 we can remedy this by computing a separate, three oci ave wavelet transform using xfiinterpolated versions of h( E) and g(z). Thus, octaves 2 and 3 of the modified transform fill the gaps in coverage as desired. These inserted sub-band s are known as "voices" of the original octave decomposition The scales covered by octaves 1 through 4 (including the voices) occupy the range 0.5 5 U 5 5 which, given that a Gaussian object is visible over fo pixels, corresponds t I objects of diameter 1 -, 10 pixels, or 100pm-+lmm. T h s , as stated earlier, is the relevant scale range for pCa++s.
Wavelet transform implementation of a bank of multiscale matched filters
Consider the 2D wavelet transform of Table I1 in [15] . Another close fit is the orthogonal wavelet basis proposed by Mallat [14] .) The closest fit between H $ ( w ) and H m , ( w ) IICCUIS when the Markov noise is highly correlated with p -1. As p gets smaller the negative lobes of the matched filter shrink; the filter approaching a Gaussian in the limi. as p -+ 0.
Unfortunately the wavelet is constrained by f+(z) = 0, so this method only works well for highly corr zlated noise. However, Markov noise with p close to unity is a reasonable model for the background texture in m.tmmograms. are combined, the shapes of any detected pCa++s are preserved quite well.
To coiripare the detection performance of the wavelet method with that of the matched filter we compute ROC curves (Fig. 4) using simulated Gaussian objects embedded in Markov noise. The SNR used is 0.2 (peak object + a,) and the Markov correlation parameter p = 0.99. Since the objects are of fixed size in the test only one octave hand (HH component only) of the wavelet decomposition is involved in the ROC computation. The wavelet performs nearly as well as the optimum detector.
Detection algorithm
To recap, we employ a four octave sub-band decoinposition, implemented at full resolution with an intermediate voice computed between octaves 2 and 3 and one between octaves 3 and 4. As a result of using the second derivative spline wavelet This form of output may be useful where further viewing by the radiologist is required, since the context of the det :cted pixels within the breast will probably be required for diagnosis purposes. Alternatively, the smooth (LL) subiriiage may be omitted in computing the inverse transform, leaving an image containing only suspected pCa++s.
RESULTS
We have tested our method on Karssemeijer's database of 40 mammograms [16] . Regions of the film outside the breast tissue were not processed. The FROC curve in a useful tool for detecting pCa++s in digitized inammograms. The method uses multiscale matched filters designed for detecting Gaussian objects in correlated Markov noise. The classical matched filter used in comriiuIiications receivers makes no attempt to recover the shape of the incoming signal. Likewise, while the first (analysis) stage of our method detects the presence of pCa++s, it does not accurately segment them. However, by weighting the details suh-bands at the sites of detected pixels followed by computing the inverse wavelet transform we achieve a reasonable segmentation of /&a++ outlines.
The method requires computing one 4-octave wavelet transform, one 3-octave wavelet transform, and one inverse wavelet transform if accurate pCa++ segmentation (its opposed to just detection) is desired Efficient wavelet transform techniques are employed tl1roughout.
